Metabolic Profiling of
During the industrial scale-up of bioprocesses it is important to establish that the biological system has not changed significantly when moving from small laboratory-scale shake flasks or culturing bottles to an industrially relevant production level. Therefore, during upscaling of biomass production for a range of metal transformations, including the production of biogenic magnetite nanoparticles by Geobacter sulfurreducens, from 100-ml bench-scale to 5-liter fermentors, we applied Fourier transform infrared (FTIR) spectroscopy as a metabolic fingerprinting approach followed by the analysis of bacterial cell extracts by gas chromatography-mass spectrometry (GC-MS) for metabolic profiling. FTIR results clearly differentiated between the phenotypic changes associated with different growth phases as well as the two culturing conditions. Furthermore, the clustering patterns displayed by multivariate analysis were in agreement with the turbidimetric measurements, which displayed an extended lag phase for cells grown in a 5-liter bioreactor (24 h) compared to those grown in 100-ml serum bottles (6 h). GC-MS analysis of the cell extracts demonstrated an overall accumulation of fumarate during the lag phase under both culturing conditions, coinciding with the detected concentrations of oxaloacetate, pyruvate, nicotinamide, and glycerol-3-phosphate being at their lowest levels compared to other growth phases. These metabolites were overlaid onto a metabolic network of G. sulfurreducens, and taking into account the levels of these metabolites throughout the fermentation process, the limited availability of oxaloacetate and nicotinamide would seem to be the main metabolic bottleneck resulting from this scale-up process. Additional metabolite-feeding experiments were carried out to validate the above hypothesis. Nicotinamide supplementation (1 mM) did not display any significant effects on the lag phase of G. sulfurreducens cells grown in the 100-ml serum bottles. However, it significantly improved the growth behavior of cells grown in the 5-liter bioreactor by reducing the lag phase from 24 h to 6 h, while providing higher yield than in the 100-ml serum bottles.
G
eobacter species are Gram-negative deltaproteobacteria, which have been recognized as an intrinsic component of a diverse range of natural subsurface environments, including soils and groundwater, as well as aquatic sediments (1) . Geobacter species are considered to play a vital role in the global recycling of metals and carbon (2) in anaerobic environments, coupling the oxidation of acetate, and other key intermediates from fermentative metabolism of natural complex organic matter, to the reduction of Fe(III) and other metals (3, 4) . G. metallireducens was the first organism with the ability of reducing insoluble Fe(III) oxides in tandem with oxidation of acetate to be isolated (5, 6) .
G. sulfurreducens strain PCA is another member of the family Geobacteraceae, which also has the ability of coupling the oxidation of acetate to the reduction of sulfur, fumarate, Fe(III), and other metals (7) . The availability of its complete genome sequence revealed not only unexpected insights into its complex metabolism (including evidence of aerobic metabolism [8] and one-carbon and complex carbon metabolism) but also multiple capabilities in terms of motility and chemotactic behavior (2) . For a detailed introduction to both the physiology and ecology of Geobacter spp. (and other metal reducers), see reference 9.
It is perhaps not surprising that these multiple and complex metabolic and physiological capabilities make this fascinating species an ideal candidate for bioremediation applications (among others). Of particular interest is the treatment and removal of subsurface metal contaminants (10, 11) , such as U(VI) (12, 13) , Cr(VI) (14) , and Tc-(VII) (15, 16) . For a comparative review of the microbial reduction of metals and metalloids, see reference 17, and for a recent review of systems-level and modeling approaches to bioremediation of uranium-contaminated groundwater, see reference 18.
Other related biotechnical applications linked to Geobacter species include the production of magnetite nanoparticles (19) (20) (21) and the potential role of this magnetic material in a wide range of applications such as cancer therapy (22) , drug delivery (23), bioseparation (24, 25) , catalysis (26) , reductive bioremediation of contaminants (J. M. Byrne, H. Muhamadali, V. S. Coker, J. Cooper, and J. R. Lloyd, submitted for publication), and the production of nanomaterials for magnetic data storage devices (28) . However, the ability to exploit these microorganisms to their full potential requires a deeper understanding of the basis of their biochemical composition, genetics, and metabolic behavior in a range of process environments (29) , especially at scale.
There are a range of approaches available to optimize the biotechnological potential of bacteria, such as genetic modification and adjustment of medium components and/or incubation conditions, any of which could be applied to improve, for example, the growth kinetics and yields of these extremely useful microorganisms, particularly when there is a requirement to scale up for industrial/biotechnological applications. Here, we demonstrate a metabolomics approach for achieving this goal.
The metabolome is described as being the complement of all low-molecular-weight metabolites found within a biological sample, such as a single organism, which encompasses the end products of gene expression that are necessary for the maintenance, growth, and normal function of a cell (i.e., metabolic intermediates, signaling molecules, and secondary metabolites) (30) . The field of metabolomics is accelerating at a considerable rate, which is perhaps not surprising considering improvements in the ability to measure multiple metabolites from complex biological systems with a high degree of accuracy and precision (31) .
Since the metabolome is downstream from the genome, proteome, and transcriptome in biological systems and is affected via the changes and interactions of the above-described processes, it is said to reflect the activities of the cells at functional levels (32) . Therefore, metabolomic approaches are considered complementary to genomics, transcriptomics, and proteomics (33) and have been used for optimizing microbial processes (34) (35) (36) .
Metabolic fingerprinting is generally employed as a rapid, global, and high-throughput approach to provide sample classification and is also used as a screening tool to discriminate samples of different biological status (37) (such as the physiological state in this case) or origin, which may pertain to disease diagnostics (case-control) or longitudinal intervention, both aimed at biomarker discovery (38, 39) .
Fourier transform infrared (FTIR) spectroscopy is a vibrational spectroscopy technique based on the principle of the absorption of infrared light by the sample of interest, causing intermolecular bond vibrations, which can be detected and directly correlated to (bio)chemical species. FTIR, in comparison to other metabolic fingerprinting techniques, offers the advantages of minimal sample preparation, high-throughput microbial analysis, extreme rapidity (spectral acquisition, 10 s to 1 min), high reproducibility, low cost, and portability. Since its potential for microbial analysis was first widely recognized by Naumann et al. (40) , FTIR has been applied to a wide range of areas within microbiology (40) , including clinical (41, 42) , food (43) (44) (45) , environmental (46) (47) (48) (49) , and biotechnological (50) applications.
While FTIR spectroscopy is a global, holistic approach, it does not of course have the sensitivity or specificity of mass spectrometry (MS) approaches. Therefore, in this study, we also employed gas chromatography-MS (GC-MS) as a metabolic profiling method which yields information on central carbon as well as amino acid metabolism (51) and has been used to analyze industrial bioprocesses and aid in metabolic engineering (34, 36) .
This study was focused on the first part of a two-step biomagnetite nanoparticle production process which includes (i) biomass production and (ii) magnetite nanoparticle production (19, 52) . The aim was to understand and extend our current knowledge regarding the complex metabolic potential of Geobacter species specifically at different stages of batch culture growth in contrasting serum bottle and bioreactor studies. If successful, this would support, aid, and potentially improve the industrial scale-up of biomass production for a range of Geobacter-specific biotechnological processes, most notably nanomagnetite production.
MATERIALS AND METHODS
Media and growth conditions. G. sulfurreducens strain PCA was used in this study and cultivated under anoxic conditions at 30°C in a modified fresh water medium (NBAF) (53), which is described in Table S1 in the supplemental material.
For assessing potential differences in the metabolic state during growth at contrasting scales, two different batch volumes were used: 100 ml (in 120-ml serum bottles, in triplicate) and 5 liters (in a 7-liter Applikon dish-bottom reactor vessel; Applikon Biotechnology., Gloucestershire, United Kingdom) (see Fig. S1 in the supplemental material). Both volumes were inoculated with 10% (vol/vol) late-log-phase G. sulfurreducens, followed by incubation under anoxic conditions for 7 days at 30°C. NBAF was also used for the inoculum preparation step following the standard protocol. The same batch of medium and starting inoculum was used to start the experiment for both incubation conditions in order to reduce any potential variation.
At each time point, three 100-ml serum bottles were sacrificed to achieve sufficient biomass for GC-MS, FTIR, and optical density (OD) analysis. Aliquots (50 ml) were taken at 13 different time points: 0, 6, 12, 18, 24, 36, 48, 60, 72, 96, 120, 144 , and 168 h. A fraction (15 ml) of the collected samples were quenched and used for GC-MS analysis, and the remaining (35 ml) were employed for FTIR analysis. The ODs of the samples were also recorded at 600 nm to monitor the growth of the organism during the incubation period.
FTIR. (i) Sample preparation. Biomass was collected for FTIR analysis by centrifuging 35 ml of collected samples for 20 min at 5,240 ϫ g at 4°C. The supernatant was removed, and the cell pellets were washed twice with 5 ml of sterile 0.9% (wt/vol) saline solution, followed by 10 min of centrifugation at 5,240 ϫ g at 4°C. After the final washing step, the supernatant was removed and the pellets were flash frozen in liquid nitrogen for 1 min and stored at Ϫ80°C. Prior to analysis, all samples were thawed on ice and biomass loadings normalized according to OD at 600 nm (OD 600 ).
A Bruker 96-well silicon sampling plate (Bruker Ltd., Coventry, United Kingdom) was washed three times with 5% sodium dodecyl sulfate (SDS) solution and twice with 70% ethanol and finally rinsed three times with deionized water and dried at 55°C. Samples were spotted randomly in triplicates as 20-l aliquots onto an FTIR silicon plate and dried via heating for 30 min in an oven at 55°C in order to remove as much water as possible and fix the samples to the plate.
(ii) Instrument setup. All FTIR bacterial spectra were collected in transmission mode on a Bruker Equinox 55 infrared spectrometer following previously published methods (54) . All spectra were recorded in the mid-infrared range between 4,000 and 600 cm Ϫ1 wavenumbers, and these were acquired at a resolution of 4 cm Ϫ1 , with 64 spectral coadds to improve the signal-to-noise ratio.
(iii) Data analysis. FTIR spectra were analyzed using MATLAB version 9 (The MathWorks Inc., Natick, MA). In order to compensate for small unavoidable sample size differences, the spectra were scaled using the extended multiplicative signal correction (EMSC) method (55) . CO 2 vibrations (2,400 to 2,275 cm Ϫ1 ) were then removed from spectra and filled with a trend.
Principal component analysis (PCA) (56) and discriminant function analysis (DFA) were used for the statistical analysis of the preprocessed data. PCA is an unsupervised clustering method with the aim of reducing the dimensionality of a data set, without a priori knowledge of any groupings in the data, by decomposing it into new variables that are linear combinations of the original data. PC-DFA is a supervised method which discriminates the data into groups on the basis of PCs and a priori knowledge of the experimental class structure; PC-DFA functions by minimizing within-group variance while maximizing between-group variance (57). Comparison of intensities of different FTIR spectral regions (selected based on PC-DFA loadings) was carried out as follows: FTIR raw spectra of the appropriate samples were baseline corrected, followed by plotting the intensity (peak height to baseline) of each peak against time.
GC-MS analysis. (i) Quenching and extraction.
The 15-ml sample aliquots collected as described above were immediately quenched in 30 ml of 60% aqueous methanol (Ϫ48°C), followed immediately by centrifugation at Ϫ9°C for 10 min at 5,000 ϫ g using a Sigma 6K15 centrifuge (Sigma-Aldrich, Dorset, United Kingdom). The supernatant was removed and cell pellets flash frozen in liquid nitrogen and stored at Ϫ80°C for further analysis (58) .
Extraction was carried out by suspending the biomass in 0.5 ml of 80% methanol (Ϫ48°C), followed by snap-freezing in liquid nitrogen and thawing on ice. The freeze-thaw cycle was performed a total of three times to maximize the recovery of the intracellular metabolites. Extracts were then centrifuged at 15,871 ϫ g for 5 min at Ϫ9°C. The supernatant was removed to a new sterile microcentrifuge tube and kept on dry ice while a second round of extraction using 0.5 ml of 80% methanol (Ϫ48°C) was carried out on the pellets following the steps described above. The second set of extracts (0.5 ml) was combined with the first set and normalized using 80% methanol according to the OD 600 of each sample, followed by combining 50 l from each of the samples in a new tube as the quality control (QC) sample (59) . One hundred microliters of internal standard solution (0.2 mg ml Ϫ1 succinic-d 4 acid, 0.2 mg ml Ϫ1 glycine-d 5 , 0.2 mg ml Ϫ1 benzoic-d 5 acid, and 0.2 mg ml Ϫ1 lysine-d 4 ) was added to all samples, and the samples were dried by speed vacuum concentration at 30°C for 12 h (concentrator 5301; Eppendorf, Cambridge, United Kingdom) prior to being stored at Ϫ80°C until further analysis.
(ii) Derivatization. Derivatization followed a two-step procedure of methoxyamination followed by trimethylsilylation as described precisely by Wedge et al. (60) .
(iii) GC-MS setup. GC-MS analysis was carried out using an Agilent (Wokingham, United Kingdom) 6890N GC oven coupled to a Pegasus III mass spectrometer (Leco, St. Joseph, MI, USA), following previously published methods (60) (61) (62) . All initial identifications adhered to minimum metabolite reporting standards (63) by providing quality assurance of data and removing mass spectral features within QC samples with high deviation. The final output from this procedure was a matrix of retention time versus mass data with related metabolite identities and peak areas linked to each sample injection. This data set was then used for statistical analysis.
(iv) Data analysis. A total number of 104 unique GC-MS peaks were detected. Variables with more than 50% missing values were removed (64) , resulting in a total of 67 peaks remaining. Peak areas of these peaks were first log 10 scaled then subjected to PC-DFA. In addition, canonical correlation analysis (CCA) was also applied to gain a better view of the changes associated with time in the metabolic profiles measured by GC-MS. CCA is a commonly used statistical method to measure the correlation between two sets of random variables (65) . In this study, we used CCA to measure the correlation between the GC-MS data and the corresponding time of incubation.
RESULTS AND DISCUSSION
There has been an increasing interest in the biotechnological exploitation of Geobacter species for a range of applications, including the formation of biomagnetite nanoparticles via the enzymatic reduction of Fe(III) oxyhydroxides. One particular challenge that needs to be addressed for successful commercial exploitation is the scalable production of biomass that is active against the Fe(III) precursor to magnetite. To date few studies have addressed the physiological state of Geobacter or other Fe(III)-reducing bacterial species in different bioreactor configurations, especially during scale-up. In this series of experiments, the goal was to assess the changes in growth behavior and metabolism of G. sulfurreducens cells associated with the scale-up of biomass production through monitoring growth (OD measurements), measuring metabolic fingerprints using FTIR, and generating metabolic profiles using GC-MS. In a parallel study (Byrne et al., submitted), which will be reported elsewhere, the surface reactivity, magnetic properties, and particle size distribution of the biomagnetite nanoparticles generated from 100-ml serum bottles and 5-and 50-liter bioreactors (under the same growth conditions) were compared and reported to be at comparable levels. However, during scaling up from serum bottles to fermentors, a prolonged lag phase occurred, extending the incubation period and potentially making the process less efficient and commercially attractive; hence, cellular metabolism is explored in detail here to identify the bottleneck and restore adequate cellular growth behavior. Growth profiles. Figure 1 shows the growth kinetics of G. sulfurreducens in NBAF at 30°C during a 7-day incubation period. A typical three-phase (lag, exponential, and stationary) growth pattern was observed, with similar final cell densities for both scales of batch cultures. However, increasing the vessel volume prolonged the lag phase significantly: cells grown in 100-ml serum bottles exhibited a 6-h lag phase, while the lag phase of the bioreactorgrown cells was ϳ24 h.
FTIR metabolic fingerprinting. As microbial cells multiply and bacterial cultures proceed through their distinctive and welldocumented growth phases, changes also occur in the distribution and composition of biochemical components within the cells (e.g., proteins, lipids, polysaccharides, and nucleic acids), which are not detectable by some conventional techniques such as OD measurement and bacterial plate counts. However, FTIR can reveal these changes by detecting different functional groups through molecular bond vibrations and recording them as spectral features, which can then be analyzed by a variety of multivariate statistical methods (66) .
FTIR spectra collected in this study were preprocessed and analyzed using PC-DFA. The scores plot of all samples together (Fig. 2) display a gradual phenotypic change appearing in the G. sulfurreducens cells during the incubation period in both the 100-ml serum bottles and the larger 5-liter bioreactor samples, corresponding to different phases of bacterial growth. Furthermore, a delayed stationary phase associated with the scale-up process is clearly evident (Fig. 2, 120 to 168 h) , which is in agreement with the turbidimetric findings (Fig. 1) .
The PC-DFA scores of the samples grown from 0 to 48 h were plotted separately in order to investigate further the effects of the scale-up on the lag phase (Fig. 3) . While data from both sets of samples displayed a gradual change, samples from the first 24 h of incubation showed a clear separation between those from the 100-ml serum bottles and those from the bioreactor (Fig. 3) .
The main separation between the two sample sets seems to be on the DF1 axis. DF1 loading plots (see Fig. S2 in the supplemental material) were used to identify the most significant variables (wavenumbers) contributing toward this clustering pattern. Major variations within FTIR spectra for the lag and log phases of both culturing conditions were in the following main regions: (i) amide I (ϳ1,655 cm Ϫ1 ) and amide II (ϳ1,541 cm Ϫ1 ) bands for proteins, (ii) fatty acids (ϳ2,895 cm Ϫ1 ), and (iii) carboxylic acids (ϳ3,046, 1,709, 1,593, 1,402, and 1,223 cm Ϫ1 ). Cells grown in the bioreactor started to proceed from lag phase and on to log phase after approximately 24 h of incubation, while those grown in the 100-ml serum bottles completed this transition within the first 6 h of incubation (Fig. 1) . Interestingly, the PC-DFA score plot (Fig. 3) displayed the clustering of spectra from bioreactor-grown cells up to the first 24 h of incubation on the negative side of DF1 (red dashed cluster). The only spectra from the serum bottles clustering on the same side are from those samples taken within the first 6 h of incubation (green dashed cluster). Moreover, spectra from the bioreactor samples taken after 24 h of incubation display the occurrence of a phenotypic change by moving toward the serum bottle samples (Fig. 3, blue dashed cluster) , which according to the growth curve (Fig. 1) coincides with the end of the lag phase and start of the log phase.
In summary, the FTIR results were consistent with the growth profiles recorded for both sets of samples, showing phenotypic changes that coincided with the occurrence of an extended lag phase during the scale-up process. To explore the accompanying FIG 2 PC-DFA score plot of the FTIR data collected for all the samples. Five PCs with a total explained variance of 97.39% were used for the DFA. The two sets of samples, i.e., the 100-ml serum bottles (circles) and the bioreactor (crosses), displayed similar growth patterns. However, compared to cells grown in the serum bottles, the bioreactor-grown cells displayed an extended lag phase (up to ϳ24 h) and consequently entered the stationary phase at a later time point. The arrows illustrate the main trajectories with respect to time. The color bar on the right represents the duration of the incubation during which samples were collected.
phenotypic changes in more detail, we employed the complementary tool of the metabolic profiling approach using GC-MS.
GC-MS metabolic profiling. In order to elucidate further the general metabolic changes occurring within and between clusters from the entire sample set, a PC-DFA score plot of the GC-MS data collected for all the samples was constructed (using the first 10 PCs with a total explained variance of 96.7%, with a priori groups being the individual time points) (Fig. 4a) .
The PC-DFA score plot (Fig. 4a ) of the cell extracts displayed a trajectory similar to that seen in the FTIR data (Fig. 3) , showing the segregation of different growth phases and the transition of these distinct physiological states through the connecting time points. Furthermore, these results point to a gradual change occurring between the cells grown in the bioreactor and serum bottles after the first 6 h of incubation. This gradual change coincides with the transition from lag to log phase (Fig. 1) for the cells grown in the serum bottles, while the bioreactor-grown cells remained in the lag phase at these time points.
The bioreactor samples displayed a clear change of trajectory after the 24-h time point (Fig. 4a) , clustering closer toward the serum bottle samples corresponding to the end of lag phase and start of log phase (Fig. 1) . Since a significant metabolic difference was observed in the PC-DFA of the complete data set, these data were explored in more depth using CCA.
Similar to the PC-DFA, CCA was conducted on the PC scores of the first 10 PCs to investigate the correlation between the relative peak intensities of different metabolites with incubation time. Overall, these results (Fig. 4b) display a clear linear time-dependent effect with a canonical correlation coefficient of 0.9439, indicating a strong correlation between the GC-MS profiles and the incubation time. With the exception of the first time point (this is likely to be related to the lag phase), the 100-ml serum bottle samples displayed a positive correlation with incubation time. In contrast, the bioreactor samples displayed a negative correlation with time for samples collected in the first 24 h, followed by the same positive trend as for the 100-ml serum bottles. Furthermore, both sets of samples (bioreactor and serum bottles) seem to pass through an overlapping period after a 96-h of incubation period. The CCA findings from the GC-MS data were in agreement with the PC-DFA score plots of the FTIR (Fig. 2 and 3 ) and GC-MS data (Fig. 4a) , as well as the growth curves (Fig. 1) , coinciding with the occurrence of an extended lag phase for the bioreactor-grown cells associated with the scale-up process.
The CCA loading plot (Fig. 5) indicates the most significant variables (metabolites) that were positively or negatively correlated with incubation time. The plot illustrates that the most significant variables that were negatively correlated with time were fumarate, oxaloacetate, and an unknown metabolite (variable 59), while citrate shows a strong positive correlation (a full list of identified metabolites can be found in Table S2 in the supplemental material). Figure 6 shows the relative peak intensities of the significant metabolites selected by CCA and positively identified using an in-house library (discussed and interpreted below).
Interpretation of GC-MS metabolic profiles. Since acetate is one of the key intermediate products in anaerobic metabolism of natural complex organic matter in the sedimentary environment (3, 4) , the ability to take up and utilize this compound efficiently provides a competitive advantage (67) . Studies have shown the presence of acetate permease-like proteins (68) (Fig. 7, magenta  channel) in G. sulfurreducens, homologues to ActP in Escherichia coli which are known to be responsible for acetate uptake (69) .
The acetate imported by G. sulfurreducens can be activated via ligation with coenzyme A (CoA) through two main pathways (70) . The first of these pathways involves the oxidation of acetate through the conversion of succinyl-CoA to succinate via the activity of the succinyl-CoA:acetate CoA-transferase enzyme (EC 2.8.3.18) (Fig. 7, yellow arrow) . Acetyl-CoA produced via this pathway is directed toward the citrate synthase reaction in the tricarboxylic acid (TCA) cycle (70) . The second pathway involves the phosphorylation of acetate via acetate kinase (EC 2.7.2.1) followed by a second reaction involving phosphotransacetylase (EC 2.3.1.8) converting acetylphosphate to acetyl-CoA (Fig. 7, purple arrows) (70, 71) . The acetyl-CoA produced via this pathway is converted to pyruvate via the activity of pyruvate oxidoreductase (EC 1.2.7.1) operating in the reverse direction (Fig. 7, purple arrow) (1). The reduced ferredoxin produced via the TCA cycle provides the reducing power to enable this reaction (Fig. 7, dashed blue arrow) .
The fumarate provided in the medium as an electron acceptor is taken up by the cells via a C 4 -dicarboxylic acid transporter protein (Fig. 7 , red transporter channel) (72), followed by its conversion to succinate either via a reducing reaction catalyzed by the membrane-bound fumarate reductase (EC 1.3.5.4) (Fig. 7 , FrdCAB enzyme) or via the TCA cycle (Fig. 7, blue arrows) (71, 72) .
The GC-MS results show an accumulation of fumarate (Fig.  6a ) during the lag phase followed by a gradual depletion in intracellular levels throughout the following time points in both bioreactor-and 100-ml serum bottle-grown cells. This accumulation of fumarate reaches its peak point at around 24 h for the bioreactor samples and at around 6 h of incubation for the 100-ml serum bottle samples, followed by a decreasing trend corresponding to the consumption of fumarate by the cells and the transition from lag to log phase in both batch cultures (Fig. 1) . A possible reason for accumulation of fumarate could be linked to its high concentration in the medium, resulting in cells adjusting to their new environment by importing fumarate.
Yang and coworkers (73) suggested the potential use of fumarate as a carbon source and its contribution to gluconeogenesis through its conversion to malate by fumarase and further to oxaloacetate via malate dehydrogenase (MDH) (EC 1.1.1.37). These authors also suggested that around 90 to 95% of the oxaloacetate produced via this pathway is directed toward gluconeogenesis and pyruvate production, via its conversion to phosphoenolpyruvate through the activity of phosphoenolpyruvate carboxykinase (EC 4.1.1.32) (Fig. 7, orange arrows) .
The levels of oxaloacetate detected in our study supported these findings, as the 100-ml serum bottle samples showed a higher intensity of oxaloacetate (approximately double) than detected in the bioreactor samples during the first 24 h of incubation (Fig. 6c ). This coincides with the consumption of fumarate (Fig.  6a) and an increase in pyruvate levels (Fig. 6e) for the 100-ml serum bottle samples, while there was an accumulation of fumarate (Fig. 6a) and no change in the pyruvate levels (Fig. 6e) in the bioreactor samples. These findings further highlight the potential role of fumarate as a carbon source, as stated by Yang et al. (73) and discussed above, through its conversion to oxaloacetate via the TCA cycle and the contribution of produced oxaloacetate toward gluconeogenesis (Fig. 7, orange arrows) , resulting in higher pyruvate levels for biomass and amino acid biosynthesis. Table S2 in the supplemental material. Fumarate is seen as three peaks, as different derivatization products are seen in GC-MS.
It is known that conversion of malate to oxaloacetate via MDH activity is thermodynamically unfavorable in cells (74) . This may constrain oxaloacetate homeostasis in cells grown with fumarate as the electron acceptor, while resulting in accumulation of malate, which could eventually be secreted into the medium (71) .
The GC-MS data confirm these findings, as malate levels were not overly affected by the scaling-up process, since its intensities were similar in both bioreactor-and 100-ml serum bottle-grown cells throughout the experiments (Fig. 6b) .
Nicotinamide was also identified by the CCA (Fig. 5 ; see Table  S2 in the supplemental material). NAD is a cofactor involved in more than 300 oxidation-reduction reactions, of which the conversion of malate to oxaloacetate through the activity of MDH is one (75) . The nicotinamide levels may reflect the levels of NAD availability within cells at different stages of growth. Interestingly, the levels of nicotinamide under both cultivation conditions displayed trends very similar to those of oxaloacetate and pyruvate, starting at low concentrations during the lag phase, increasing throughout the log phase, and finishing with a period of stability during the stationary phase (Fig. 6h) .
The lower availability of NAD during the lag phase of cells grown in the bioreactor may affect the respiration rate by limiting the activity of MDH, an NAD-dependent enzyme, resulting in lower oxaloacetate formation. This may trigger a feedback loop which could be explained as follows: first, it limits the amount of oxaloacetate which could be fed into gluconeogenesis, pyruvate synthesis, and acetyl-CoA production (Fig. 7, orange arrows) ; second, it reduces the respiration rate, which is followed by subsequent limitation of the 2-oxoglutarate availability and its conversion to succinyl-CoA, which provides the reduced ferredoxin (Fig.  7 , dashed blue arrow) required for catalyzing the conversion of acetyl-CoA to pyruvate (Fig. 7, purple arrow) .
Furthermore, intracellular citrate levels in the 100-ml serum bottles started to increase after the first 6 h of incubation up to the 96-h time point, followed by a decreasing trend (Fig. 6d, stars) . By contrast, citrate levels in the bioreactor samples were low and stable up to the first 24 h of incubation, after which they followed the same trend as in the serum bottle samples (Fig. 6d, circles) . These findings further support our hypothesis that limited MDH activity restricts the pool of oxaloacetate, resulting in lower activity of the TCA cycle during the lag phase for G. sulfurreducens grown under both cultivation conditions. To test the above hypothesis, NBAF was supplemented with nicotinamide (final concentration of 1 mM) to investigate the effects of nicotinamide on the growth of G. sulfurreducens cells in the 5-liter bioreactor. The growth curves displayed in Fig. 1 sug- 
FIG 7
Pathway of acetate metabolism in G. sulfurreducens during growth on NBAF medium with fumarate as the electron acceptor and acetate as the electron donor. Acetate is transported into the cells (green arrow) via acetate permease (magenta protein channel). Imported acetate can be activated via one of the following two pathways: (i) the acetate kinase (EC 2.7.2.1) followed by the activity of phosphotransacetylase enzyme (EC 2.3.1.8) (purple arrows) producing acetyl-CoA which is directed toward pyruvate synthesis and subsequently into biomass and amino acid synthesis pathways, or (ii) acetate being oxidized through conversion of succinyl-CoA to succinate via the activity of succinyl-CoA:acetate CoA-transferase enzyme (EC 2.8.3.18), resulting in the production of acetyl-CoA (yellow arrows) which is directed toward the TCA cycle. The fumarate provided in the medium is taken up (green arrow) via the fumarate transporter proteins (C 4 -dicarboxylic acid transporter). Imported fumarate can either be (i) directed toward the TCA cycle (blue arrow), which operates as an open loop and ends with the formation of succinate and its excretion into the medium (red arrow), or (ii) reduced to succinate via the activity of inner membrane-bound FrdCAB enzyme (fumarate reductase activity) followed by its excretion into the medium (red arrow) (66, 67, 76, 77) .
gest that the nicotinamide-supplemented NBAF significantly improved the growth of the cells in the 5-liter bioreactor, while reducing the lag phase period from 24 h to 6 h, similar to that of the cells grown in the 100-ml serum bottles. Furthermore, levels of nicotinamide in the medium detected by GC-MS analysis (Fig. 1) show the consumption of nicotinamide. The NBAF medium prior to nicotinamide supplementation was also tested by GC-MS analysis; however, as expected, no peaks corresponding to nicotinamide were detected (data not shown). The nicotinamide supplementation effect on growth is illustrated in Fig. 1 . As nicotinamide starts a depletion trend (60 h), the growth rate is declining and cells enter stationary phase. This is followed be the complete depletion of nicotinamide in the medium (96 h), which is concomitant with a steady period of growth.
We also examined the growth behavior of G. sulfurreducens on NBAF supplemented with nicotinamide (1 mM) and oxaloacetate (6 mM) in the 100-ml serum bottles; while oxaloacetate supplementation resulted in an extended lag phase, nicotinamide had no significant effects on the lag phase (see Fig. S4 in the supplemental material).
On the whole, during the first 24 h of incubation, the majority of the metabolites detected displayed lower intensities in the bioreactorgrown cells than in those grown in the 100-ml serum bottles, especially metabolites of TCA cycle, with the exception of malate and fumarate (Fig. 6) . Comparisons of the significant FTIR vibrations ( Fig. 8 ; see Fig. S3 in the supplemental material), identified via PC-DFA loadings (see Fig. S2 ), were in agreement with the GC-MS findings (Fig. 6) . The intensity of the amide I band (Fig. 8a) for the serum bottle samples showed an increasing trend up to the first 24 h followed by a steady state, while the bioreactor samples displayed no significant change up to the 24-h time point followed by a slow increase thereafter. Furthermore, comparison of the intensity of carboxylic acid-specific FTIR vibrations ( Fig. 8b; see Fig. S3 ) for the bioreactor samples also displayed a similar trend, with a steady state in the first 24 h followed by a slow increase, while the intensities detected for the serum bottle samples were almost 6 times higher than those for the bioreactor samples.
Finally, the concentrations of glycerol-3-phosphate (Fig. 6f ) did not change during the lag phase but increased sharply during the exponential phase, before finally reaching a period of stability during the stationary phase under both culturing conditions. This is of course perhaps not surprising, as glycerol-3-phosphate is one of the main precursors for the synthesis of triacylglycerides, which are major lipid components of bacterial cell membranes. Therefore, the concentration and necessity of this compound are directly related to the bacterial growth rate, which is in complete agreement with our GC-MS findings.
Concluding remarks. This study clearly demonstrates the effects of scale-up on the growth and metabolism of G. sulfurreducens grown on NBAF with acetate as an electron donor and fumarate as an electron acceptor in batch culture. It also illustrates some of the challenges involved with scaling up bioprocesses, which is vital to underpin biotechnological exploitation of a wide range of microorganisms, including Geobacter species. The FTIR findings emphasize the advantages of this technique as a rapid, nondestructive, relatively inexpensive, and high-throughput screening tool and also reveal its potential for applications in a wide range of areas, including industrial scale-up. Our GC-MS metabolic profiling results suggested that the limited availability of oxaloacetate, potentially due to restricted nicotinamide levels and malate dehydrogenase activity, could be a significant metabolic bottleneck resulting from this scale-up process. Additional metabolomics experiments were performed to test this hypothesis. Guided by the hypothesis generation experiments from GC-MS (shown schematically in Fig. S5 in the supplemental material), which suggested that cells may be starved of oxaloacetate and/or nicotinamide, further cultures were grown that were supplemented with these metabolic intermediates to test these hypotheses (see Fig. S5 ). While supplementation with oxaloacetate had a negative effect on growth, when nicotinamide was added at the start of culturing in the bioreactor, the bacterial lag phase was significantly shorter and at a level comparable to that detected in the 100-ml serum bottles. 
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